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Abstract

The notion of an évent has been widely used in the
computational linguistics literature as well as in in-
formation retrieval and various NLP applications, al-
though with significant variance in what exactly an
event is. We describe an empirical study aimed at de-
veloping an operational definition of an event at the
atomic (sentence or predicate) level, and use our ob-
servations to create a system for detecting and prior-
itizing the atomic events described in a collection of
texts. We report results from testing our system on sev-
eral sets of related texts, including human assessments
of the system’s output and a comparison with infor-
mation extraction techniques. We discuss how event
detection at this level can be used for indexing, sum-
marization, and question-answering.

Introduction

“The world changes, things happen, time passes.
We live in a world where events, both important
and mundane, define and demarcate our lives.”
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defined topic for search” (Allan et al., 1998; Yang et al.,
1999). On the other hand, within the information extrac-
tion community, an event represents a relationship between
participants, times, and places; the Message Understanding
Conference (Marsh and Perzanowski, 1997) defines one of
its tasks as “extract prespecified event information and re-
late the event information to particular organization, per-
son, or artifact entities involved in the event.”

Not only is the exact meaning of events in dispute, but
also the extent of an event’s realization in text. As it has
been mentioned above, most linguists associate events with
the tensed matrix verb of a sentence or simple clause, and
by extension with that sentence or clause. However, events
can be expressed with a single noun phrase such as “war”
and “strike” (Pustejovsky, 2000), and sentences can de-
scribe multiple events in separate simple clauses (Filatova
and Hovy, 2001). In the Topic Detection and Tracking
(TDT) framework (Allan et al., 1998; Yang et al., 1999),
the ongoing DARPA/NIST effort on text categorization and
clustering, events are represented as sets of related docu-

ments. Finally, MUC's events are represented as predefined

What is an event? It seems that, like life, this is a term thabmplates, with attributes corresponding to participants, lo-
is hard to define precisely, though easy to understand at tBgtion, and time filled in.
intuitive level. _ Detecting events automatically and obtaining a semantic

WordNet (Miller et al., 1990) defines an event broadlyyepresentation for them would be equivalent to creating a
as “something that happens at a given place and time”. Lifyyno did what to whom when and where?” interpretation
guists that have worked on the underlying semantic strug; the text. Such an interpretation, as we argue in Section 8,
ture of events and their realization in text propose morgqa,id offer new venues for research in text indexing, sum-
complicated definitions involving telicity, time, and exter-marization. visualization of information, and question an-
nal world conditions; for example, Chgng a_md Timberlakeswermg. In this paper, we explore an automatic method
(1985) state that “an event can be defme_d In terms Qf thrggy creating such an interpretation at the atomic (sentence
components: a predicate; an interval of time on which thg; yredicate) level, extracting and representing multiple
predicate occurs, ...; and a situation or set of conditiongma||” events rather than only the ones at the highest level.
under which the predicate occurs, ..." Pustejovsky (200Q)e aim at small text pieces, unlike the TDT/information
argues for a semantic theory of events that models persigrieval approach, but we utilize similarities between re-
tence as well as change and is grounded on the notion @fe texts to determine which atomic events and relation-
predicate opposition between objects and properties. I—éﬁps are specific to a broader event or topic. We draw
notes that “lexical semanticists must look outward from the.om linguistic analysis and theory, but present an opera-
verb to the sentence in order to characterize the effects ghnal method for analyzing arbitrary texts. We trade off
gverb’s event structure; and logical semanticists must |°°|_&nderstanding” of the text to the extent that information
inward from the sentence to the verb to represent semanfigiraction achieves it for the generality of operating with-
facts that depend on event-related properties of particulg{;t the constraints of a specific domain. Our representation
verbs”. o _ _ o is necessarily weaker than the predefined templates used in

Recent work in information retrieval within the TDT | tasks, but covers many types of events which are labeled
framework has taken event to mean essentially “narrowlyith appropriate verbs and nouns selected from the texts.

In Section 3, we discuss a study of events in newswire
articles which explored how well people can detect (and
agree on) events at the atomic level. We then present

'Frank P. Coyle, irJbiquity: an ACM IT Magazine and Fo-
rum, Volume 4, Issue 4, March 18 - 24, 2003.
2http://www.cogsci.princeton.edu/wn/



an automated system that relies in part on the findings td 50%—-60% recall and precision) on a useful text under-
this study to detect relationships between entities of certastanding task. In many ways, the approach taken in MUC
types (by default named entities), isolate the likely eventss similar to ours, in that we also aim to retrieve relation-
collate events involving the same entities, and label thehips between participants, times, and locations in events,
combined event with houns and verbs. Sections 57 rand label the extracted events to reflect those relationships.
port sample results and an evaluation of the output of olttowever, the MUC systems suffer from two drawbacks:
system. We conclude by discussing how we plan to use thigrst, the fixed templates preclude detecting multiple events

output for a variety of NLP tasks. of different types, or of types not anticipated during system
design® Second, they are heavily dependent on the do-
2 Related Work main, which requires a lot of time to create accurate tem-

) . . ) Pplates defining possible events for that particular domain,
As noted in the introduction, events and their semantig,4 even more effort in adapting the system to the sublan-

structure have been analyzed by several linguists, Wi&age and knowledge model of that domain.
have looked at semantic constraints in sentences to dis-

tinguish between events, extended events, and states; gee A Study of Event Annotation
for example (Chung and Timberlake, 1985; Bach, 1986;
Pustejovsky, 2000). Often in such type of research eveMye conducted a first study of text annotation for event in-
analysis is centered on properties of the verb, and verfarmation by asking a number of computer science gradu-
are classified according to their relationships with everité students (mostly in computational linguistics) to mark
classes (Levin, 1993). From a computational perspectiviEXt passages that describe events in news stories. We de-
discourse analysis has relied on (often implicitly definedjjoerately provided no definition agventfor this study, to
events; for example, McCoy and Strube (1999) investigate¥fe if the respondents would naturally converge to an oper-
time intervals that can be assigned to events (atomic everéonal definition (as evidenced by high agreement on what
occurred at a singe point in time versus repeated atomigey marked). The annotators were given 13 news articles
events, extended atomic events or states that occurred of@pdomly selected from the DUC-2001 (Document Under-
a span of time) to generate pronouns. In this work simstanding Conference) corpus. The texts varied in length
ple clauses were taken as the text region for events. Siedém 15 to 60 sentences. Five of the thirteen texts were
and McKeown (2000) have proposed automatic methodgch annotated by two participants in the study. In addi-
for classifying verbs according to whether they can signdion to checking for agreement between the annotators and
events and processes (stativity and completeness). Filatg¥aecdotal evidence of the difficulty or ease with which they
and Hovy (2001) built a system for assigning time stampgould label events, our study had two further aims: To de-
to the event clauses and recognized the problem of locatifgfMine what text ranges, in the absence of instructions on
the extent of events in text when they needed to determiB€ length of what they should mark, people tend to fa-
the scope of each detected time expression. vor as the appropriate text parts describing a single event;
The work most commonly referred to as event detectiofnd to g_ather evidence of features that occur with high_fre-
is that originating from the Topic Detection and Trackingduency in the marked passages and could be automatically
(TDT) research effort sponsored by DARPA. An impor_extracted by an automated system simulating the human
tant contribution of that research program is the recognitiognnotators.
of.the_ di_stinptiop between.an. event and a topic; howevc?é_1 Agreement
this distinction is made principally on the basis of speci- i , ,
ficity and targeted information retrieval rather than linguisYVe noticed substantial disagreement between annotators
tic properties of the retrieved units. As Yasgal. (1999) ©n What should be marked as an event. Recall that our in-
note, “[the] USAIr-427 crash is an event but not a topicStructions for this experiment only asked them to find the
and ‘airplane accidents’ is a topic but not an event”. |mPortant events in a given text, providing no definition.
practice, the TDT data sets included “events” with a widelyn that context, people often disagreed on whether a given
varying scope, from “Comet into Jupiter” to “OklahomaP2@sSage should pe marked as an event de;prlptlon or not.
City bombing”, and never aimed at extracting informatior®!NCe our annotation instructions left unspecified the length

at less than the document level or structuring that inform&2§ €vent descriptions, a basic text unit that could be marked
tion with semantic role annotation (although some currerft’ unmarked is not defined either and therefore it is hard

directions in TDT, such as new information detection (Al-{0 uantitatively measure the agreement between the anno-

lan et al., 2001), operate on text passages smaller than {gtors. Nevertheless, we made several qualitative observa-
entire document). tions on the basis of repeated patterns of disagreement:

Systems participating in the Scenario Template task of ¢ |n some cases, an important part of the text that nev-

the Message Understanding Conference (MUC) competi-  ertheless represented a continuation of a state was
tions (from 1992 to 1998) use information extracted and  marked as an event, for instance

inferred from a text to fill in the appropriate fields in pre-
defined templates corresponding to the domain of the text.
Since the domain iS given and the SemantiCS f0r each f|e|d 3F0r e)(amp|el as we show in Section 6, they can detkad-a
is known, systems can achieve fairly high performance (upappingevent but not the victim'seleaseas a separate event.

We have no quarrel with the people of Iraq



¢ Related events that occurred sequentially in text were —
sometimes grouped in one marked text region, as in I

The Soviet Union said today it had sent an
envoy to the Middle East on a series of stops
to include Baghdad. Soviet officials also Cluster into topics
said Soviet women, children, and invalids i

would be allowed to leave Iraq.

Mark texts with Named
Entities and POS tags

e Annotators often disagreed consistently on the mark-

ing of specific subtypes of events. One such subtype l

that is common in news stories is atteranceevent, Score pairs of NEs and

i.e., an event where the protagonist says, announces, connectors for each pair User-supplied keywords
or describes something. The act of the utterance is an i (e.g., passengers)

event according to most definitions, but depending on _ . 4
whether the thing being said is also an event and how Filter pairs and connectors
important that thing is, annotators marked the entire i

sentence as an event or non-event.

Merge relations according to
the event labels they share

e Further, analysis of the responses showed that often
a single annotator was not consistent in their own as-
sessments across similar types of text passages. For
example, one of the annotators marked the passage

Events consisting of
multiple NEs linked
through common labels

The British Foreign Office said today condi-
tions in Kuwait appear to be deteriorating.

as an event, but did not mark the similar passage

) ] Figure 1: Outline of atomic event detection system.
The predominantly Moslem nation of Bang-

ladesh said today its troops would join
multinational forces in Saudi Arabia. with the presence of eventBroper nounsoccur more of-
, . T ten within event regions, possibly because they denote the
Iggrg?lr;gf?;grese:zdnlgz?] S%Llr?:a :Oesles:tg%:Isgrgggﬁiiggrtidpams in events. In contraptonounsare less likely
here O occur in event regions than in non-events. A; expected,
' the presence dfime phrasesincreases the likelihood of
3.2 Length of Marked Text Passages a text region being marked as an event descriptiCar-

. ) , dinal numbers were another lexical class strongly asso-
While the annotators disagreed on what text pieces 10 Sgateq with events. This can be attributed to the fact that

lect as event descriptions, they exhibited more agreemegimpers are often given when new important information
on how long these pieces shou(l)d be. Out of 190 text rgs hresented: they condense information and typically ac-
gions marked as events, 46 (24%) consisted of one clausgmpany factual rather than subjective sentences, which

within a longer sentence, 22 (11%) of one sentence Mire more likely to be associated with event descriptions.
nus one short prepositional phrase, 95 (50%) of exactly one

sentenceZ and 27 §14%) of multlple _sentences. . 4 Detecting and Labeling Events

According to this analysis, the simple clause is really
the minimal unit representing atomic events (noun phras@srawing from our event annotation study, we decided on
such aswar or earthquakewere never marked as events).an algorithm for detecting, extracting, and labeling events
However, twice as many full sentences as simple clausésat is based on the features that seemed more strongly cor
were marked as events, and an additional 11% of thelated with event regions. The outline of our approach is
marked regions were almost full sentences. We therefoghown in Figure 1. We anchor events on major elements
conclude that full sentences appear to provide the most re@presenting participants (proper nouns for people and or-
sonable scope for locating atomic events. ganizations), locations (again typically proper nouns), and
time information. All these major elements can be retrieved
with a named entity tagger; we use BBN’s IdentiFinder
We analyzed the passages marked as event descriptigBsel et al., 1999), and we expect at least two such ma-
looking for text features that could be included in an autojor elements in a sentence to consider extracting an event.
mated event detection system. Naturally, the verb itself ofA/e take the sentence as the scope of an event, and include
ten provides important information (via tense, aspect, and the extracted elements cardinal numbers (and the nouns
lexical properties) about the event status of a clause or sethey modify) as likely to be important in the event. Our
tence. In addition, the following features are correlatedlgorithm ignores sentences that contain one named entity

3.3 Text Features in Marked Passages



(or none). Otherwise, we extract all the possible pairs (pre-| THING: China Airlines Flight 676 from Bali to
serving the order of named entities) and all the words that| Taipei crashes. _
are in between each pair of named entities. After extract-| PLACE: Taipei, Taiwan

ing this information from the entire text (or set of related | WHEN: February 16,1998
texts, see below), for each pair of named entitiese(a- TOPIC '_EXPUCﬁ‘T('jON- T?e flhghtr\:vas ffmé“ Bal
tion) we calculate how many times it occurs, irrespective to Taipel. Itcrashed several yards short of the runway

of the in-between words (theonnectors For each con- and all 196 on board were believed dead. China |Air-

lculate h . hi . d lines had an already sketchy safety record. This crash
nector we calculate how many times this connector is used 454 killed many people who lived in the residential

in the extracted relation. neighborhood where the plane hit the ground. Staries
Our hypothesis is that if named entities are often men- | on topic include any investigation into the accident,
tioned together, these named entities are strongly related stories about the victims/their families/the survivors.
to each other within the topic from which the relation was | Also on topic are stories about the ramifications|for
extracted. Although our method can be applied to a single| the airline.
text (which by itself assures some topical coherence), we . o . o )
have found it beneficial to extract events from sets of re-igure 2: Official description a€hina Airlines crashiopic.

lated articles. Such sets can be created by clustering texts

according to topical similarity, or as the output of an infor- Relation First Second
mation retrieval search on a given topic. Frequency Element Element
We create a list of connected named entity pairs in de- 0.0212 | China Airlines Taiwan
creasing frequency order, and a list of connectors between 0.0191 | China Airlines Taipei
such pairs also in decreasing frequency order. We first filter 0.0170 | China Airlines Monday
the connector list, by keeping only verbs or nouns of fre- 0.0170 | Taiwan Monday
guency above a threshold; nouns must also be hyponyms | 0.0170 | Bali Taipei
of eventor activity in WordNet. We use Charniak’s (2000) 0.0148 | Taipei Taiwan
statistical parser to obtain part of speech information. Fi- 0.0148 | Bali Taiwan
nally, we eliminate from our candidate event list those pairs 0.0148 | Taipei Monday
that are no longer supported with a significant number of 0.0127 | Bali Monday
connectors or are not among the topvents (both of these 0.0127 | International Airport| Taiwan

ble 1: Top 10 named entity pairs for tidina Airlines

We then examine the graph of connections induced b .
rashtopic.

the surviving pairs. For each two edges in that graph wit
a common endpoint (e.g.A( B) and 4, C)), we examine

if their list of connectors is substantially similar. We con-

sider two such lists substantially similar if one contains erovided by the Topic Detection and Tracking Phase 2 re-
. rch effort (Fi I, 1 .Th i nsist of arti-
least 75% of the elements in the other. When that con earch effort (Fiscus etal., 1999). The topics consist of art

) : ) : tles or transcripts from newswire, television, and radio (the
tion applies, we merge the two candidate events into ong. ok Times, Associated Press, CNN Headline News
link betweenA and a new elemertB, C} (i.e., we con- ’ ' '

siderB andC identical for the purpose of their relationshipABC World News Tonight, PRI The World, and Voice of

.- America English News Service). We used 70 of the 100
to A), and add the scores of the two original events to o bPics, those containing more than 5 but less than 500 texts.

tain the score of the composite event. This pushes toget@mce human annotators created these topical clusters in a

similar named entities (for example, alternate spellings ci\rlIST-sponsored effort, we can be assured of a certain level

FWO alternate descriptions for a person or Iocat_lon), redg%-f coherence in each topic. In this manner, we can concen-
ing the redundancy of the extracted events without uswgI

anv exolicit knowledae about such relationships in the re ate on the benefits or shortcomings of our algorithm rather
wo);l d P g P an on issues related to the retrieval of on-topic texts.

The relative order of extracted events is further modified TDT provides descr_|pt|ons of each topu_: tha.lt annotators
L ) - . . use to select appropriate documents by issuing and mod-
by two additional factors: we prioritize pairs that occur in

: L ifying IR queries. The official description of one topic
multiple docum.ents within a set .Of related documents, AN china Airlines crash”) is given in Figure 2. Table 1 shows
we reduce the |mportance of pairs that oceur frequently i e top 10 pairs of named entities extracted from the topic at
a Ia_rge text polleptlon. Th_e;e steps hlgh_hght events thqt 8le first stage of our algorithm (before considering connec-
topic-specifi¢ pairs of entities that are linked wrespecuvetors) The normalized relation frequency is calculated by

of the specific events described in the set of texts being aafviding the score of the current relation (how many times

32’;?]%%%’”5:% and Cheney) will thus be pushed furth(\a/&e see the relation within a sentence in the topic) by the

overall frequency of all relations within this topic.
5 System Output It is clear from the table that the top relations mention
the airline company whose plane crash€difa Airlines,
In this section we present and comment on sample syghere the crash happenetaiwan Taipei International
tem output. We ran our system on a subset of the topidsrport), where the plane was flying frorBé&li), and when

parameters are adjustable and are determined empiricall?a.



. Connector Relation Specificity

Relation Connector Frequency China Airlines — Monday| 1.0000

China Airlines — Taiwan| crashed/VBD| 0.0312 Taiwan — Monday 1.0000
trying/VBG 0.0312 Bali — Taipei 1.0000

burst/VBP 0.0267 Beijing — Tuesday 0.5681

land/VB 0.0267 Bill Hazard — Washington  0.4815

China Airlines — Taipei | burst/VBP 0.0331 Wednesday — Monday 0.2448
crashed/VBD| 0.0331 Tuesday — Monday 0.1922

crashed/VBN| 0.0198 China — Taiwan 0.1582

Taipei — Taiwan — — CNN — New York 0.0850

Table 2: Top connectors for three of the relations in Table able 5: Pairs which are and are not specific for@éna
Airlines crashtopic.

First Second

named entity | named entity Connectors Event element Verbs Nouns
China Airlines | Taiwan; Taipei| crashed/VBD Taiwan — killing/VBG | 197/CD
trying/VBG passengers carried/VDB | 196/CD
burst/VBP 182/CD
land/VB
killing/VBG Table 6: Event extracted for the noun “passengers” from

the China Airlines crashopic.
Table 3: Final event output for the relations of Table 1.

ships related but not limited to this topic (e.Ghinaand

Cognglc\t/oBrD Frequegc(;)/ 1a8c;ross topie Taiwanhave a long relationship separate from this crash,
grastlslBP 0'0107 resulting in their mention in other topics as well). In our
trl;/irrfg/VBG 0'0092 example, the top event of Table 3 is specific to this topic,

: h furth intheli h i
land/VB 0.0079 but other events further down in the list (such as@iména—

Taiwanone) are deemed non-specific and pushed further
down or removed from the output.

We close this section with a comment on the anchor
points used by our algorithm. Such anchor points (by de-
fault named entities) are necessary in order to limit the
the crash happenedpnday. Interestingly we obtain a @mount of relations considered. We chose named entities

clique for the three elemen@hina Airlines Taiwan and ©n the basis of our analysis of events marked by people
Taipei Let us analyze the connectors for the three pairfeSection 3). However, the system is adaptable and the user
among these three elements (Table 2). The normalized cdtn specify additional words or phrases that should be used
nector frequency is calculated by dividing the frequency oS anchor points. In this example, it makes sense to extract
the current connector (how many times we see this conngéformation involving the passengers of the plane. If the

tor for the current relation) by the overall frequency of alvord passengerss submitted to the system, then the third
connectors for the current relation. from the top events extracted will refer to the deaths of the

China Airlinesis linked to bothTaipeiand Taiwan and ~Passengers, as shown in Tablé 6.
the lists of connectors are similar enough for our system t

merge the two extracted events to one. On the other han%, Comparison with Information Extraction

there is no event connector linkif@ipeiandTaiwan Our e compare our system’s output to ideal output for one of
system assumes that this relationship is a static one (indegge most well-known information extraction competitions,
Taipei is the capital of Taiwan), and drops this candidatghe Message Understanding Conferences (MUC) organized
event. The final output is shown in Table 3. The connegyy NIST between 1992 and 1998. In MUC's Scenario Tem-
tors output by the system highlight the major event linking|ate task events are extracted for several pre-specified do-
China Airlinesand{Taiwan Taipei}, thatis, the crash. The mains (MUC, 1997). For each domain a list of templates is
importance of these connectors is also verified by calculagreated in advance and event extraction is equated to filling
ing the relative connector frequencies for the entire topighese templates, a typical approach in information extrac-
irrespective of the specific entities involved (Table 4).  tjon (Riloff, 1996; Grishman, 1997). Events are extracted

Finally, we factor in topic specificity for the extractedfrom one text at a time and not a collection of tekt&ach
events. Tables 5 shows the most and least specific na

4 . .
. . . . o - 197 is the correct number and it was used more often than the
entity pairs for this topic. The less specific entries COMESther two numbers which were given in the early articles describ-

spond to generic relationships (e.g., there are only seveqy ihis crash when the exact numbers were not clear yet.

week days), relationships totally independent of the topic SThere are IE systems which try to fill predefined templates
(e.g.,Bill Hazard reports fromWashingto, and relation- from several texts but during the MUC competition systems ana-

Table 4: Top connectors across the en@igna Airlines
crashtopic.



Bogota, 5 APR 90 (EFE) — Authorities reported to- Event elements Verbs Nouns
day that liberal senator Federico Estrada Velez, 54, Virgilio Barco briefed/VB —
one of the main leaders of the ruling liberal pafty, Francois Mitterrand

was released today in Medellin by the drug traffick- Wednesday

ing organization known as the Extraditables.
Senator Estrada Velez was kidnapped on 27 March Table 8: Event extracted by our system from the Barco-
near his home by the Extraditables, the Medellin Car- \jtterand passage.

tel’'s armed wing.

Figure 3: MUC-7 text for kidnapping/release event. Paris (France), 5 April 90 (AFR) — Colombian
leader Virgilio Barco briefed French president
Location: Colombia Francois Mitterand here Wednesday on the ef-
Date: 27 MAR 90 forts made by Bogota to fight the county’s pow-
Type: kidnapping erful cocain traffickers. Mr. Barco told reporters
Organization: “Medellin Cartel” / “Drug Traf- after the meeting at the Elysee Palace that the

@D

ficking Organization” / “The Extraditables” / “Th
Medellin Cartel's Armed Wing”

Target: “Federico Estrada Velez”

Effect of incident: Regained freedom: “Federico
Estrada Velez”

French leader, who visited Bogota in October
1989, had said once again that he was “very in-
terested” in the drug problem.

This text is from the terrorism domain collection. And

Figure 4: Ideal MUC-7 output for the article of Figure 3’thugh really no tehrrorlst attacks are descgbed _'E tg's tﬁ)(t

using theTerrorismevent template. it does not mean that there are no events described. These
events include the meeting between Francois Mitterand

Event elements Verbs Nouns and Virgilio Barco, Mitterand’s earlier visit to Bogota, and
Federico Estrada Veleg released/VBN | today/NN Barco’s speaking to reporters.
Medellin 54/CD Though MUC systems are not supposed to output any
Estrada Velez kidnapped/VBN — events for the whole text from which the above passage
27 March was excerpted, our system outputs several events; Table 8
Medellin Cartel shows the extracted event that corresponds to the above
armed wing passage.

In fairness to the MUC systems we note that they per-
Table 7: Output from our system for the text of Figure 3. form additional tasks such as the semantic classification of
the information (deciding which slot to select for a given
piece of extracted text). Our approach does not assign la-
text can contain one, several, or no events. The best sy®ls such agperpetratoror target to named entities. It
tems achieved performance of 51% in F-mea%imethe provides for a more superficial “understanding” of the ele-
last MUC-7 competition (1998); the highest F-measure renents of the event and the roles they play in it, in exchange
sult was reported during MUC-4 (1992) at around 57%. for increased portability, generality, and robustness.
Given the short article of Figure 3, the ideal output is the
template shown in Figure 4. Because each MUC templaté  System Evaluation
covers a single event, the model output mixes in this cas7e1 Methodol
information about two atomic events: Mr. Velez’s kidnap-"" ethodology
ping and his release. Note that as a result it is impossible T@ evaluate our system we chose randomly 9 topics out of
tell to say if “27 MAR 90" in the output stands for the datethe 70 TDT-2 topics containing more than 5 and less than
of kidnapping or release. 500 texts (see Section 5). For each of these topics we ran-
Our system produces output which specifies both even@®mly chose 10 texts, and ran our system on these 10 texts
separately: release and kidnapping. According to this ouenly, producing a ranked list of events with verb and noun
put (Table 7) it is possible to figure out who was the mairabels, as described in Section 4. We then gave the texts and
subject of both eventséderico Estrada Velg¢zwhat or- the top 10 events in the system output for a given topic to
ganization kidnapped hinMedellin Carte), when he was @ volunteer evaluator (a graduate student in computational
kidnapped 27 March, and when he was releasedday).”  linguistics). Each evaluator processed exactly one topic.
There are texts in MUC collection for which no tem- Our subjects were asked to first read the featsd then
plates match and therefore no events should be extract@dovide a numerical score for the system in the following

Here is part of such a text: areas:
lyzed and extracted events for one text at a time. 1. Whether the named entities in the events extracted by
®The harmonic mean of precision and recall, 2?,R/(P + our system are really related to each other in the texts.
R).
"The last reference requires using the date of the arichPR 8Which was the reason we limited the number of texts per

90) to resolve it, a capability that our system does not yet have. topic to 10.



Average| Percentage Percentage ) Netscape
rating non-zero | above 0.5

Link quality | 0.7506 92.22% 74.44%
Importance 0.6793 95.00% 62.87%
Label quality| 0.6178 | 90.91% 51.09%

Question
. File Edit Wiew Go Bookmarks Tools  Window Help

T

Table 9: Evaluation scores for our system. Importance
and label quality are measured only on extracted relations
of reasonable quality (with link quality score above 0.5,
74.44% of the total extracted events).

Chinadirlines

A separate score between 0 and 1 was given for each
extracted event.

2. Whether the extracted relations between named enti-
ties, if valid, are also important. Again a 0 to 1 score
was assigned to each extracted event.

4]
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3. Whether the labels provided for a (valid) event ade-
quately describe the relationship between the nametlgure 5: Screen shot of the system’s output visualizing

entities. the entities connected with the verb “crash” in @hina
. Airlines crashtopic.
For these three questions, the evaluators gave a separa%e P

score for each extracted event. Rather than “yes”/“no” an-

swers, they were free to use a scale of their own choosiRgmewhat useful information, as manifested by the fact that

between 0 (utter failure) and 1 (complete success). over 90% of the reported events received non-zero scores.
In addition, we asked evaluators to enumerate important

gvents that the system missed, and provide a subjegtive r_gt- Conclusions and Future Work
ing between 0 and 1 on how closely related the articles in
their set were. We have reported on an empirical study of event annota-
tion and a new approach for detecting events in text that
7.2 Results draws from disparate earlier approaches in linguistics, in-
Table 9 shows the scores obtained during the evaluatiofermation retrieval, and information extraction. We have
We report the average rating our system obtained on eathplemented a robust, statistical system that detects, ex-
of the three questions, across both the ten extracted evetrcts, and labels atomic events at the sentence level with-
in each set and the nine evaluators/topics. We also repait using any prior world or lexical knowledge. The sys-
the percentage of extracted events that received a non-zéem is immediately portable to new domains, and utilizes
score and a score above 0.5. information present in similar documents to automatically
We note that the easiest task for the system is to fingrioritize events that are specific (and therefore likely more
valid relationships between named entities, where we olnteresting) to a given set of documents. Our examination
tain about 75% precision by either the average score or tloéresults and a first small-scale evaluation indicate that the
number of scores above 0.5. Next comes the task of seleepproach is promising as a means for obtaining a shallow
ing important links, with precision of 63—-68%. The hardesinterpretation of event participants and their relationships.
task is to provide meaningful labels for the events; we suc- We believe that this approach can enable significant new
ceed in this task slightly in more than half of the valid extechniques for a number of natural language processing
tracted events, or approximately 40% of the total extracte@dsks. A first direction is to use the extracted event informa-
events. tion as a means of indexing the documents; rather than us-
Since the difficulty of the task is correlated with the co-ing keywords, we can now use the important events in each
herence of the document sets being analyzed, we obsenamtument, and index on participants, time phrases, and lo-
significant differences in the scores between topics. loations. This will allow the retrieval of related documents
some cases our system obtained scores above 70% or 8BPhich the same person or organization plays a prominent
in all three questions. In two cases, the scores were belawle, or which describe events in comparable time frames.
20%; in one of those, the documents covered a very widghe list of events itself may provide a different kind of in-
range of events (many different events related to the Israetiicative summary than the summaries currently based on
Palestinian peace negotiations), while the other topic deaktracted or reformulated sentences. We have already im-
with an earthquake in Afghanistan. In that latter case, oyplemented a visualization prototype that allows a user to
system looking by default for named entities could not exebserve a two-dimensional representation of the important
tract enough events as no named participants were maramed entities in a set of documents and their labeled inter-
tioned. Regardless, our system overall extracted at leasfationships. Figure 5 shows a screen capture from our



visualization interface, depicting the main event elemeni&evin, 1993) Beth Levin. English Verb Classes and Alterna-

linked through the verb “crash” in tf@hina Airlines crash  tions: A Preliminary InvestigatianThe University of Chicago
. ress .
topic. '

Finally, this work has been motivated by our work on(Marsh and Perzanowski, 1997) E. Marsh and D. Perzanowski.

: ; - ; ; MUC-7 evaluation of IE technology: Overview of results. In
question answering, where we are examining dlrecthns Proceedings of the Seventh Message Understanding Confer-
that would take us away from the (largely successful with ence 1997.

current technology) answering of simple factual questions.

. . cCoy and Strube, 1999) Kathleen F. McCoy and Michael
The event representation provides a way to answer que(MStrube. Taking time to structure discourse: Pronoun genera-

tions about “who did what to whom, when and where”, as  tion beyond accessibility. IRroceedings of the 1999 Meeting

we noted earlier. More importantly, we hope that it will be of the Cognitive Science Sociefyp99.

a useful tool in answering more difficult and abstract queswiller et al, 1990) G. Miller, R. Beckwith, C. Fellbaum,

tions, for instance about the similarities or differences of D. Gross, and K. Miller. Introduction to WordNet: An on-
i i line lexical databaselnternational Journal of Lexicography

acuons_by two different _actors, or about the development 3(4):235.312, 1990,

of a series of related actions in time.

(MUC, 1997) Message Understanding Conferenemceedings
Acknowledgments of the Seventh Message Understanding Confereifi®y.

; Pustejovsky, 2000) James Pustejovdkyents and the Semantics
We wish to thank Kathy McKeown and Becky Passonneaf] of Opposition pages 445-482. CSLI Publications, 2000.

for numerous comments and suggestions on earlier versios _ _ _ _
of our system, and John Chen for providing tools for pre(Riloff, 1996) Ellen Riloff. Automatically generating extraction

g L patterns from untagged text. Froceedings of the National
processing and assigning parts of speech to the text. Weggterence of the American Association for Artificial Intelli-

also thank the members of the Natural Language Group gence (AAAL)1996.

and_o_ther gr_aduate stude_nts at quumbla Un.|ver5|ty Wh&iegel and McKeown, 2000) Eric V. Siegel and Kathleen R.
participated in our evaluation experiments. This work was"\ickeown. Learning methods to combine linguistic indicators:
supported by ARDA under Advanced Question Answering Improving aspectual classification and revealing linguistic in-
for Intelligence (AQUAINT) project MDA908-02-C-0008.  Sights.Computational LinguisticsDecember 2000.

Any opinions, findings, or recommendations are those qfang et al., 1999) Yiming Yang, Jaime Carbonell, Ralf Brown,

the authors and do not necessarily reflect ARDA's views.  Tom Price, Brian T. Archibald, and Xin Liu. Learning ap-
proaches for detecting and tracking news evel#EE Intelli-
gent Systemd.4(4), 1999.
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